Abstract. This paper, proposes a two-phases approach for a computerassisted screening system that aims at early diagnosis of cervical cancer in Pap smear images and accurate segmentation of nuclei. The first phase uses spectral, shape as well as the class membership to produce a nested hierarchical partition (hierarchy of segmentations). The second phase, selects the best hierarchical level based on an unsupervised criterion, and refines the obtained segmentation by classifying the individual regions using a Support Vector Machine (SVM) classifier followed by merging adjacent regions belonging to the same class. The effectiveness of the proposed approach for producing a better separation of nucleus regions and cytoplasm areas is demonstrated using both ground truth data, being manually segmented images by pathologist experts, and comparison with state-of-art methods.
Introduction
Cervical cancer, currently associated with the Human Papilloma Virus as one of the major risk factors, affects thousands of women each year. The Papanicolaou test (known as Pap test) is used to detect pre-malignant and malignant changes in the cervix [1] . Cervical cancer can be mostly prevented by early detection of abnormal cells in smear tests.
Due to the cervix is wiped out with a swap, Pap test is classified as an invasive method. It is only used for screening purposes and not for diagnosis. These cells are examined under a microscope for abnormalities. Trained biologist are required to evaluate these tests. In underdeveloped countries, the death rate due to cervical cancer is significantly higher due to the lack of personnel trained in this field and repeated follow-up tests. As a result, women in developed countries have less than 0.1% chance of developing cervical cancer while their counterparts in underdeveloped countries have a 3-5% chance of developing cervical cancer. As illustrated in Fig. 1 , two classes of regions are considered: nucleus regions and other regions that include cytoplasm and background. The overall proportion of the nucleus pixels is approximately between 7% and 10%. Cells nucleus are blue (dark to pale) and cytoplasms are blue-green (Fig. 1a) . Red blood corpuscles are coloured reddish. The spatial configuration and the colour of the cells is extremely variable (Fig. 1b) . Isolated or touching cells as well as clustered or overlapping cells can be found.
The automated segmentation of cell nuclei in Pap smear images is one of the most interesting fields in cytological image analysis [2] . In the last years, cell nucleus segmentation has been extensively studied by several researchers, in [3] , frequency domain features are used to detect abnormal cervical cell images. In [4] , statistical geometric features, which are computed from several binary thresholded versions of texture images are used to classify among normal and abnormal cervical cells. Lezoray et al. [5] extract the nuclei of the cervical cells using a combination of a colour pixel classification scheme (k -means and Bayesian classification) with a colour watershed segmentation algorithm. In [6] a segmentation scheme and its performance is evaluated using Pap-smear samples in the presence of heavy additive noise.
Developing automated algorithms for segmenting nuclei continue to pose interesting challenges. Much of the difficulty arises from the inherent colour and shape variability. The goal of the present work is to develop automated and computationally efficient algorithms that improve upon previous methods using watershed approach. In this work, we propose a hybrid two-steps approach to cell segmentation in Pap smear images. The first phase consists of creating a nested hierarchy of partitions, which produces a hierarchical segmentation that uses the spectral, shape information as well as the class information. The most meaningful hierarchical level is then detected using a segmentation quality criterion. The second phase aims at identifying the nucleus and cytoplasm areas by classifying the segments (regions) resulting from the first phase using multiple spectral and shape features, and further merging the neighboring regions belonging to the same class. The selection of individual regions is obtained using a SVM classifier, based on spectral and shape features.
The reminder of the paper is organized as follows. Section 2 describes the segmentation algorithm used to segment the images and produces a hierarchy of nested partitions. Section 3.1 proposes an unsupervised segmentation quality criterion to select a hierarchical level on which an SVM classification is applied in Section 3.2 to classify the segmented region in nucleus/non-nucleus and pruning the segmentation errors by merging adjacent segmented regions which may have been over-segmented. Section 4 presents and discusses the obtained results. Finally, conclusions are presented in Section 5.
Hierarchy of Partitions of Pap-Smear Cell Images
The waterfall algorithm [7] is used here for producing a nested hierarchy of partitions,
implying that each atom of the set P h is a disjoint union of atoms from the set P h−1 . For successively creating hierarchical partitions, the waterfall algorithm removes from the current partition (hierarchical level) all the boundaries completely surrounded by higher boundaries. The staring partition, is obtained using watershed transform [8] , being a morphological segmentation applied on the gradient magnitude of an image in order to guide the watershed lines to follow the crest lines and the real boundaries of the regions. In our implementation, we use the DiZenzo gradient [9] , which calculates the maximum rate of change in one pixel based in partial derivatives in RGB colour space.
For producing the nested hierarchy, in this work, we use the approach proposed in [10] , where the saliency measure, E(r = r i ∪ r j |r i , r j ), of a boundary between two neighboring segments r i and r j (being the cost of merging the regions r i and r j ), is based on two energy functions used to characterize desired single-segment properties, and pair-wise segment properties [10] :
The single-segment properties, E(r), is the merged region property as defined in [10] , it includes segment homogeneity (E hom ), segment convexity (E conv ), segment compactness (E comp ), and colour variances (E var c ) within the segment:
The pair-wise property, E(r i , r j ), as defined in [10] includes the dynamics of the contour and the color difference between the neighboring regions.
In this work, considering the type of images we are dealing with, we propose the following merging criterion:
where, φ(c i = c j |r i , r j ) is a factor favoring the merging of regions with similar classes [11] ; E(r i , r j ), the pair-wise region property, defined as:
being the Bhattacharyya merging criterion proposed in [12] , with the number of bins used b = 32. Different from [11] , the parameter φ(c i = c j |r i , r j ), representing the potential of merging neighboring regions with similar class membership, is here defined as follows:
where c i , c j ∈ Ω = {ω 1 = nucleus, ω 2 = no-nucleus}, are the classes for r i and r j , respectively, and Pr(c i = c j |f (r i ), f (r j )) is the probability that r i and r j belong to the same class, given the feature vectors f (r i ) and f (r j ). In our approach, Pr(c i = c j |f (r i ), f (r j )) is calculated using the method of Platt [13] from the output of a two classes SVM [14] trained using as feature vector, 
with p 1 = Pr(c i = ω 1 |f ) and p 2 = Pr(c j = ω 1 |f ), are estimated using the method of Platt [13] which adjusts the output of a SVM by using a sigmoid function
where f is the output of the SVM, and the parameters A and B are fitted using maximum likelihood estimation.
Pap-Smear Cell Images Segmentation and Classification

Segmentation Level Selection
As mentioned above, the output of the hierarchical segmentation is a set of parti-
In order to select the best segmentation level, for further analysis, in this work we use the criterion of Borsotti et al. [15] :
where, Card() is the size (area) or a region r h k or the image I; χ(Card(r h k )) is the number of regions having the same size (area) as region r h k ; and E k is sum of the Euclidean distances between the RGB colour vector of the pixels of r k and the colour vector attributed to the region r k in the segmentation result. This criterion allows penalizing both over-segmentation (small regions) and undersegmentation (regions that have a large color error).
The best segmentation level is the one which produces the maximum value of the BOR criterion Eq (8).
SVM Region Classification and Merging
The Borsotti et al. [15] criterion Eq (8) is a good unsupervised segmentation quality measure, however most of the time the best value does not correspond to the best segmentation level according to the biologists criteria ( Fig. 2(2) versus Fig.2(6) ). A suitable approach is to prune the segmentation, resulting from the hierarchical level selection criterion, by merging adjacent regions belonging to the same class. Indeed, as depicted in Fig. 2 , the selected level shows a cell with 2 regions, after region-based classification and extra merging, the final segmentation/classification results has been refined. Support vector machines (SVM) have been proven to be powerful and robust tools for tackling classification tasks [14] . Different from mostly used SVM pixelbased classification, we propose to apply SVM on region-based features and classify the segments of the selected level into nucleus and non-nucleus regions. A set of 116 region features were first calculated. In an attempt to optimize the dimensionality of the feature set, a subset of features was selected via stepwise discriminant analysis [16] . This method uses Wilks' λ statistic to iteratively determine which features are best able to separate the classes from one another in the feature space. Since it is not possible to identify a subset of features that are optimal for classification without training and testing classifiers for all combinations of the input features, optimization of Wilks' λ is a good choice. Table 1 , lists the identified nine (out of 116) features that were the most statistically significant in terms of their ability to separate the two considered classes, nucleus and no nucleus regions (cytoplasm and background). Fig. 3 illustrates the proposed approach in one of the tested images. The first row depicts some hierarchical levels along with their BOR criterion and number of regions. As it can be noticed, the hierarchical Level-1 is the best according to the BOR criterion. Moreover, the BOR criterion between the first three levels is almost identical. After SVM classification and the merging of neighboring regions belonging to the same class (second and third rows of Figure 3 ), the hierarchical Level-2 gives better segmentation results with respect to the BOR criterion, and the Vinet distance, V , [5] . This is also confirmed by classification results as shown in Table 2 . The Vinet distance is a widely used measure to quantify the difference between two segmentations (one of them is frequently a ground truth). For an image I of N pixels and two segmentations A and B, with m and n regions, respectively. First, a label superposition table is computed: T ij =| A i ∪ B j | with 0 ≤ i ≤ m and 0 ≤ j ≤ n. The maximum of this matrix gives the two most similar regions extracted from A and B, respectively. The similarity criterion is defined by:
Results and Discussion
C 0 = max(T ij ) with 0 ≤ i ≤ m and 0 ≤ j ≤ n. The search of the second maximum (without taking into account the two last regions) gives the similarity criterion C 1 and so on to C k−1 , where k = min(m, n). The dissimilarity measure between the two segmentations A and B is given by:
The proposed approach was applied to twenty images that contains approximately 160 nuclei. The training of the SVM was made using the SVM-KM toolbox [17] . The evaluation of the proposed approach was made using a leave-one-out cross-validation using two different criteria: -Segmentation quality: using the Vinet distance [5] according to a manually extracted ground truth. -Classification quality: using the Accuracy and F-measures [18] according to a manually extracted ground truth. Table 3 summarizes the average of the Vinet measure, Accuracy, and F-measures, for all the testing images, versus SVM kernels. As it can be seen the best results are obtained using SVM classifier with a linear kernel. The Confusion matrix using a linear kernel is given in Table 4 . To further assess our results, we give in the last rows of Table 3 the results obtained using three state of art methods, namely, the Cooperative colour watershed proposed in [5] (CCW), the Hierarchical Segmentation of [10] (GEE), and a Pixel-based SVM classification (SVMP) [14] . As it can be seen from Table 3 , the proposed approach produces good results.
Conclusions
In this work, we introduced a hybrid segmentation/classification approach which improves the automatic segmentation of nuclei for the purpose of the Papanicolaou test. First, a classification factor was introduced during the process of merging neighboring segments during the hierarchical segmentation process. Second we introduced a non supervised approach for the selection of the best hierarchical segmentation level. Finally, to prune most of the wrongly segmented cells and avoid over/under segmentation, we introduced a region-based SVM classifier able of improving the performance of the resulting segmentation. The SVM classifier was used to separate the two classes of regions: nucleus and no nucleus regions (cytoplasm and background) using an appropriate set of region features (morphometrics, edge-based, and convex hull-based). Our method is adapted to the segmentation of cellular objects. A leave-one-out cross-validation approach allowed proving that the proposed approach produces a segmentation closer to what is expected by human experts. In order to improve the segmentation results (separating cells) we will consider applying vector image restoration based on Partial Differential Equations (PDE) [19] .
